Abstract. Soil suction and resistivity strongly depend on the degree of soil saturation and, therefore, both are used for estimating water content variations. The main difference between them is that soil suction is measured using tensiometers, which give point information, while resistivity is obtained by tomography surveys, which provide distributions of resistivity values in large volumes, although with less accuracy. In this paper, we have related soil suction to electrical resistivity with the aim of obtaining information about soil suction changes in large volumes, and not only for small areas around soil suction probes. We derived analytical relationships between soil matric suction and electrical resistivity by combining the empirical laws of van Genuchten and Archie. The obtained relationships were used to evaluate maps of soil suction values in different ashy layers originating in the explosive activity of the Mt Somma-Vesuvius volcano (southern Italy). Our findings provided a further example of the high potential of geophysical methods in contributing to more effective monitoring of soil stress conditions; this is of primary importance in areas where rainfallinduced landslides occur periodically.
Introduction
Soil suction plays a crucial role in affecting slope equilibrium conditions. In particular, if the thickness of the unsaturated zone is large and the slope inclination is greater than the soil's internal friction angle, stability is mainly controlled by the apparent cohesion due to suction, which contributes to the shear strength of unsaturated soils. During intense rainfall, water infiltration processes cause a decrease in suction, which may induce slope failure. Such conditions are realized in the Campanian pyroclastic soils (southern Italy), which cover the relatively steep slopes around the Mt Somma-Vesuvius volcano and have constituted a serious and recurring hazard for densely urbanized areas in the vicinity since historical times (de Riso and Nota d 'Elogio, 1973; Guadagno, 1991) .
Several authors suggest that field monitoring of soil suction is an essential tool in effective early warning systems (Cascini and Sorbino, 2002; Olivares and Tommasi, 2008; Pagano et al., 2008; Greco et al., 2010; Toll et al., 2011) . A large number of soil suction measurements have been collected over an area of about 3000 km 2 and, at the same time, accurate laboratory investigations have been performed on unsaturated samples from the Pizzo D'Alvano massif, Cervinara and other localities of the Salerno and Avellino provinces (Cascini and Sorbino, 2002) . In particular, it has been found that suction values are quite low in the pyroclastic soils affected by the flow slides that occurred in May 1998 on the Sarno mountains (Evangelista et al., 2001) ; the maximum values -at each site and at any investigated depthdid not exceed 65 kPa and minimum values of about 1-2 kPa were recorded in the period from January to May (Cascini and Sorbino, 2002) . Interestingly, during the period covering the end of the winter and the beginning of the spring, pyroclastic cover seems to attain high values of saturation at all depths, with mean suction values ranging, at any location, from 5 to 10 kPa (Cascini and Sorbino, 2002) . However, soil suction measurements, even when made over large areas, can only provide time variations of water content at a given point and, therefore, the spatial variability of soil water content in the field cannot be clearly understood.
In recent years, the application of geophysical methods to landslide characterization and monitoring has greatly increased (Jongmans and Garambois, 2007; Wilkinson et al., 2010) . The main advantage of geophysical methods is that they are non-invasive techniques, enabling the variations of some physical quantities in large buried volumes to be measured; this is in contrast to remote sensing or aerial photography, which can only provide surface information, or to borehole and penetration tests, which only provide subsurface data in small volumes around porous probes. In particular, the well-known dependence of electrical resistivity values on the geostructural properties and water content of soils suggests the geoelectrical method as one of the most suitable for studying landslide risk.
Repeated time-lapse resistivity surveys have been carried out to analyse the effects of saturation in areas susceptible to landsliding (Suzuki and Higashi, 2001; Friedel et al., 2006; Jomard et al., 2007; Di Maio and Piegari, 2011) , and a conceptual model has been proposed to relate time-lapse resistivity changes to slope failure of pyroclastic covers Di Maio and Piegari, 2012) . Moreover, automated resistivity tomography systems with permanently installed electrode networks have now been implemented to monitor soil conditions surrounding a number of active landslides (Supper et al., 2008; Chambers et al., 2009; Lebourg et al., 2009) .
Since both suction and electrical resistivity are physical quantities that strongly depend on water content in the field, it is reasonable to ask if they are correlated. Recently, De Vita et al. (2012) have performed geophysical and geotechnical laboratory analyses on pairs of pyroclastic samples collected from the same sites in an area susceptible to debris-flow landslides, and have studied the correlation between electrical resistivity and matric suction in these soils. On the basis of such a study, in this paper we propose a non-invasive method for monitoring spatial variations of soil suction by using soil resistivity data derived from in situ electrical resistivity tomography surveys. An application of the proposed approach in a test area is presented.
A relationship between resistivity and soil suction
A schematic diagram (Fig. 1) shows our proposal for carrying out soil suction mapping. Starting from in situ resistivity data obtained by electrical resistivity tomography (ERT) surveys in an area susceptible to debris-flow phenomena, we calibrated these measurements through laboratory experiments performed on samples collected from different depths of the selected cover. From the fit of the data, we obtained values for the empirical parameters of Archie's law (Archie, 1942) . These parameters were used to invert the Archie relationship and to introduce the dependence on resistivity into the van Genuchten expression (van Genuchten, 1980) , which relates water retention data to soil suction. In this way, we obtained a closed-form model that is a combination of the Archie and van Genuchten empirical laws and can be applied to predicting matric suction values by using resistivity data. A possible application of the proposed algebraic expression consists in determining soil suction maps at different depths across large areas, unlike tensiometer measurements, which provide punctual suction values.
In the following description, we provide details of the proposed procedure and outline the assumptions on which it is founded.
ERT is one of the most widely used non-invasive techniques for studying geological and engineering problems (e.g. Jongmans and Garambois, 2007) . The resistivity tomographic approach, in fact, provides a very detailed image of subsurface resistivity distribution on the basis of rock and soil resistivity contrasts. For this reason, it is particularly well suited for characterizing the Campanian geological setting, which is susceptible to landslides, due to the high resistivity contrasts between the pyroclastic soils and the carbonate (or lava) rock basement. These contrasts are mainly governed by the different capacity of soils and rocks to retain water. Therefore, in order to quantify correctly variations in electrical resistivity in terms of water content, knowledge of the empirical relationships between these two physical quantities is required for the soils under examination.
The most common empirical quantitative relationship between porosity, electrical resistivity and saturation of rocks is Archie's law (Archie, 1942) :
where ρ and ρ w are, respectively, the bulk resistivity of the rock and the resistivity of the water, ϕ is the porosity, m is the cementation exponent, which is related to the permeability of the rock and has values near to 1.3 for unconsolidated sands and ranging from 1.6 to 2 for consolidated sandstones. S is the water saturation and n is the saturation exponent (related to the wettability of the rock), with values usually close to 2. Equation (1) is not the only form in which Archie's law is written. There are several versions of Archie's law, which attempt to include the effects of partial saturation or the presence of mixed fluids or air in the vadose zone (Glover et al., 2000 and references therein) . Furthermore, it is not valid for rocks composed of conducting matrix minerals and which have a significant percentage of clay contributing to the matrix conduction. For these reasons, even if our samples were clay free, we did not simply apply Eq. (1) to our laboratory resistivity data, but fit them with different functions of the measured water content, θ w . In this way, we could determine the most accurate relationship ρ = ρ (θ w ) for the soils under examination.
The most commonly monitored variable for predicting soil water storage is matric suction, the dependence of which on water content is described by the water retention curve, which is variable among different types of soil. Several models have been proposed to characterize the shape of the water retention curve, and one of the most widely adopted is the van Genuchten model (1980):
where h is the suction pressure (cm of water), θ s is the saturated water content, θ r is the residual water content, α is related to the inverse of the air entry suction, α > 0 (cm −1 ), and n is a measure of the pore-size distribution, n > 1 (dimensionless).
Taking into account the numerical factors that correlate h to matric suction s (kPa), Eq. (2) can be written as
If the volumetric water content in Eq. (3), θ w , is expressed in terms of the electrical resistivity by means of fitting functions to resistivity data, we obtain closed-form expressions for the matric suction s = s (ρ). In other words, we make explicit the dependence of s on resistivity and, in the following, we describe how we used this to evaluate soil suction maps starting from electrical resistivity tomography data.
In the next section, we show an application of the proposed procedure in a test area of the Campania Region susceptible to debris-flow phenomena.
3 Soil suction maps of the Pizzo d'Alvano study area (Campania Region, Italy)
Geological setting
The pyroclastic soils that cover many Campanian slopes originate from the eruptive activities of the Campi Flegrei, Ischia and Vesuvius volcanic districts. Such soils are also found at many tens of kilometres from the primary volcanic vents, owing to aeolian transport of the eruption products. Due to their typical vesicular structure, soils derived from ash-fall pyroclastic deposits have special engineeringgeological properties, such as low values of dry unit weight and very high values of void ratio and porosity (Esposito and Guadagno, 1998; Bell, 2000) . In particular, pyroclasts prevail in ash-fall pyroclastic deposits of Mt Somma-Vesuvius. Fine ash detritus (∅ < 1/16 mm) is constituted mainly of bubble-wall shards derived from broken bubbles or vesicle walls (Fisher and Schmincke, 1984) . Conversely, in coarse ash (1/16 < ∅ < 2 mm) and lapilli (∅ > 2 mm), pumiceous fragments can form pyroclasts that have completely or partially isolated intra-particle voids, therefore having a unit weight lower than the unit weight of water (9.807 kN m −3 ) and thus forming materials that are able to float (Fisher, 1961; Schmidt, 1981) . However, sinking tests conducted on such volcanic materials reveal that pumiceous pyroclasts sink in water after a prolonged time due to the interconnections between the intra-particle voids (Whitam and Sparks, 1986; Esposito and Guadagno, 1998) . This result suggests a different significance should be attributed to both inter-particle and intra-particle pore types, the contributions of which to the total porosity are critical for characterizing the peculiar water retention capacity of pumiceous pyroclasts. In particular, the presence of two different types of pores may explain the change in the decreasing rate of electrical resistivity for lower water contents (see Sect. 3.2.2).
Following the calamitous event of May 1998, the pyroclastic covers of Mt Pizzo D'Alvano (located at about 17 km east of Mt Somma-Vesuvius volcano) have been the subject of a large number of experimental investigations (Cascini et al., 2000; Chirico et al., 2000; Calcaterra et al., 2004; Crosta and Dal Negro, 2003; De Vita et al., 2006) .
Our study area is located above the initial detachment areas of two landslides that occurred on 5 and 6 May 1998 at Mt Pizzo d'Alvano (Fig. 2) . The thickness of the pyroclastic cover ranges mainly from 2 to 5 m depth and lies on a highly fractured carbonate bedrock with open joints filled by pyroclastic soil. The typical stratigraphic column of pyroclastic soil for the sample area, classified using lithological and pedological criteria (Terribile et al., 2000) and the Unified Soil Classification System (Holtz and Kovacs, 1981) , is as follows: A -humus (peat); B -very loose pyroclastic horizons subjected to highly pedogenetic processes with dense root apparatuses (silty sand); C -a very loose pumiceous lapilli horizon with a low degree of weathering (well-graded gravel, fine to coarse gravel-poorly graded gravel); Bb -buried soil or palaeosoil (silty sand); Cbvery loose pumiceous lapilli with a low degree of weathering (well-graded gravel, fine to coarse gravel-poorly graded gravel), corresponding to a deposit from the preceding eruption; Bb basal ) -basal buried palaeosoil (silty sand), corresponding to intensely pedogenized pyroclastic deposits; Rfractured carbonate bedrock with open joints filled by soil derived from the above palaeosoil horizon.
Processing of resistivity data

Analysis of electrical resistivity tomography data
A 2-D ERT survey was carried out in the study area along nine parallel profiles, each 58 m long, with 4 m spacing, during both the autumn and spring seasons (Di Maio and Piegari, 2011 . The data were collected using an IRIS-SYSCAL PRO System, with a multielectrode cable with electrodes spaced at 2 m intervals along the cable. A Wenner-Schlumberger array was used with a minimum and maximum current electrode separation of 6 and 44 m, respectively, and a minimum potential electrode separation of 2 m, giving a total number of measurements of 167 for each line and an investigation depth of about 10 m below ground level (b.g.l.). Since it is well known that the geophysical data inversion is affected by the problems of non-uniqueness of the solution and a decrease of the resolution with depth, we assessed the robustness of our model by analysing the dependence of the inversion results on the reference model, and by estimating the depth of interest (Oldenburg and Li, 1999; Hillbich et al., 2009) .
The depth of interest (DOI) is a dimensionless parameter that measures how well the data are able to constrain the model. It was first introduced by Oldenburg and Li (1999) and is defined by
where m 1 and m 2 are the models provided by the inversion of the resistivity data set through using two constant reference models, m 01 and m 02 , respectively. If the DOI value is close to 0, the two inversions produce the same result and the model is well constrained by the data. If the DOI value is close to 1, the inversion is controlled by the reference models and the influence of the data is negligible. As an example, Fig. 3c shows the DOI index computed for one of the nine 2-D ERT profiles performed in the survey area. The average of the observed apparent resistivity data set was 650 m. The two reference models were one-tenth and ten times such a value, i.e. m 01 = 65 m and m 02 = 6500 m. The two inversions were carried out using both the standard and the robust Gauss-Newton algorithm with the 2D inversion program RES2DINV (Loke and Barker, 1996; Loke, 2002; Loke and Dahlin, 2002) . Figure 3a and b show the result for the two inversions obtained by the robust Gauss-Newton algorithm, with a cut-off value that was set according to a DOI index > 0.1 (Oldenburg and Li, 1999; Hillbich et al., 2009 ). The resulting resistivity images were very similar, confirming that the whole thickness of the pyroclastic cover is reasonably well resolved. Figure 4a shows the apparent resistivity values observed for the considered ERT profile, while Fig. 4c and b display, respectively, the model recovered from the inversion with a reference model of 650 m and the predicted resistivity data. Figure 4c also shows an overlaying of the DOI values from Fig. 3c . Since we were interested in characterizing the whole pyroclastic cover in terms of electrical resistivity values, we used the results derived from the DOI analysis of the 2-D ERT profiles, in order to interpret the model that was generated using a pseudo 3-D resistivity inversion of the collected 2D apparent resistivity data (Di Piegari, 2011, 2012) . The data were inverted by using the RES3-DINV program (Loke and Barker, 1996; Loke, 2002; Loke and Dahlin, 2002) . In particular, we employed the finite element method to link the model parameters to the 3-D model response, and the complete Gauss-Newton technique to determine the change in the model parameters. The surface topography was surveyed and incorporated into the resistivity model. In Fig. 5 , a clipped volume obtained by the 3-D inversion of the 2-D ERT data collected in the autumn is shown. In particular, the clip plane corresponds to the resistivity section shown in Fig. 4c . From the 3-D image, a decreasing trend of resistivity with depth along about 4-5 m b.g.l. is evident; resistivity then starts to increase going downwards. We attributed this increase in resistivity with depth to the interface between the pyroclastic soils and the underlying highly fractured carbonate bedrock.
Analysis of laboratory resistivity data
Concurrently with the geoelectrical surveys, two sets of fifteen undisturbed samples (cylinders with inner diameter: 74 mm; length: 148 mm), belonging to the B, Bb and Bb basal horizons, were collected from sampling pits located between about 10-20 m upstream of the main scarps: one set was used in the laboratory for engineering-geological analyses and the other for geophysical measurements. Details of the soil sample collecting methods are described in De Vita et al. (2012) . The fifteen samples used in geophysical analyses were saturated with rainwater (electrical conductivity σ = 88 µS cm −1 ) at room temperature and standard pressure to reproduce the in situ conditions. Electrical measurements were performed starting from the saturated condition and then at decreasing levels of saturation (produced by drying the samples in an oven at a temperature of 70 • C) up to completely dry conditions. The electrical measurements were carried out using the four-electrode technique in the Wenner electrode array configuration (Vinegar and Waxman, 1984) , to minimize the electrode polarization phenomena that can occur when a two-electrode array is applied (Roberts and Lin, 1997; Taylor and Barker, 2002) . Both the measurements of electrical resistivity and total sample weight were performed about 6 h after kiln-drying, in order to allow the samples to reach thermal equilibrium with the environment at room temperature. At the end of the drying process, the corresponding gravimetric water content, w, was obtained from the ratio of the water and the oven-dried sample weights (ASTM D 2216-80) for each measurement of resistivity and total sample weight. The volumetric water content, θ w , was obtained as the product of the gravimetric water content and the soil's dry unit weight divided by the water unit weight. A detailed description of the experimental setting and procedure is given in De Vita et al. (2012) . Here, we summarize the results of the laboratory study by plotting for each horizon the sample-averaged resistivity as a function of the volumetric water content θ w (Fig. 6) . Since we are interested in characterizing the average response of the ashy layers to the electric current flow, we considered the average of the laboratory resistivity values corresponding to similar water contents for the three investigated soil types. However, the relationship between resistivity and volumetric water content showed some scatter within each of the three soil types, as is shown in De Vita et al. (2012) . The scatter of the data reflects the heterogeneity of natural soils and, therefore, we took into account the observed spread of data values by range, i.e. the difference between the highest and the lowest observed resistivity values. In Fig. 6a , b and c, we show average values of ρ and range bars for each data set. The average values were calculated for six samples belonging to the B and Bb horizons, and for three samples of the Bb basal horizon. We noted that, due to the natural heterogeneity of samples, the number of ρ values measured in a given water content interval was variable (ranging from 1 to 6 for samples from the B and Bb horizons, and from 1 to 3 for samples from the Bb basal horizon). When only a single sample resistivity value was found in a given water content interval, this value was considered the least accurate datum. Indeed, in this case, it was not possible to calculate the data spread and, according to the most cautious choice, we attributed to this single value the largest observed error bar. It is also worth noting that resistivity data from laboratory measurements were also affected by errors associated with the experimental procedure. We verified that the measurement errors were much smaller than the intrinsic dispersion related to the heterogeneity of the samples, and the related error bars were smaller than or equal to the symbol sizes employed.
In order to obtain analytical functions relating resistivity to water content, we fit the data shown in Fig. 6a, b and c . The values of the best fitting parameters are reported in Table 1. They were derived from weighted non-linear and linear least squares regressions, in which the weights were taken as equal to 1/σ 2 i , with σ i being the range bar sizes shown in the plots in Fig. 6 . The goodness of fit tests were evaluated by the values of the reduced chi square,χ 2 , and the coefficient of determination,R 2 . To improve the curve-fitting results, we considered only water content values larger than 10 % for the deepest layers (i.e. the Bb and Bb basal horizons). Such a choice was also motivated by our interest in characterizing landslide triggering related to the relatively high soil water content induced by rainfall. The numerical analysis determined that the resistivity curves of the B and Bb horizons were well described by power laws (Fig. 6a, b) , such as the Archie relationship. Instead, the behaviour of ρ in relation to the lowest pyroclastic horizon (Fig. 6c) , which, unlike the other horizons, is composed of a small percentage of clay (De Vita et al., 2012) , appeared to be better described by a linear dependence on the water content.
Relationships between soil suction and resistivity for the examined soil horizons
The soil water retention curves for the pyroclastic samples collected in the survey area (see Sect. Table 2 , we report the estimated value of the van Genuchten model parameters obtained by means of RETC software (van Genuchten, 1980; van Genuchten et al., 1994) . By replacing the water content in Eq. (3) with electrical resistivity, by means of the equations used for fitting the experimental data (see Table 1 ), we obtained the following expressions of the matric suction s as a function of the electrical resistivity ρ for the investigated horizons:
Equations (4) and (5) describe the dependence of matric suction on resistivity, and we use them in the following section to evaluate soil suction maps, starting from electrical resistivity tomography data. 
Soil suction maps
By inserting the inverted resistivity data and the parameters of Tables 1 and 2 into Eqs. (4) and (5), we mapped the soil suction over the study area (about 1800 m 2 ) at different depths. In Figs. 7 and 8, we plot two sets of contour maps that show, respectively, the distribution of electrical resistivity values from the autumn survey and the corresponding distribution of soil suction values at depths of about 1, 2, and 4 m b.g.l. In both figures, the first layer corresponds to a depth of about 70 cm, and, as expected, is characterized by the largest values of resistivity and soil suction. At deeper depths, resistivity values decrease, as do soil suction values. Due to the great variability of suction, which reaches very large values for low water contents (see Eq. 3), we plotted the logarithm of suction to base 10. Therefore, negative values shown in Fig. 8 correspond to suction values smaller than 1 kPa. We noted that the regions with the highest resistivity values (Fig. 7) , which reasonably mark the lowest water content, appear as larger regions with very high suction values (Fig. 8) , due to the divergence of the van Genuchten expression, Eq. (3), for water content approaching residual water content. For this reason, the proposed mapping tends to overestimate the size of regions with larger suction values, which are associated with dry soils, while it works better for wet soils. White areas found in the maps in Fig. 8 (and Fig. 10 ) correspond to regions where Eqs. (4) and (5) are not defined, since ρ values from in situ measurements describe water contents greater than the saturation value θ s or which are lower than the residual water content θ r , as estimated by laboratory analyses for each type of soil. Obviously, this result is a purely numerical effect due to the limited precision of geotechnical measurements and the van Genuchten approximation and, therefore, we would expect to find in the field the lowest and the largest values of suction in these white areas. (4) and (5), where resistivities are derived from the autumn survey. White areas on the maps correspond to regions where Eqs. (4) and (5) are not defined, since ρ values from the in situ measurements describe water contents greater than θ s or less than θ r , as estimated by laboratory analyses for each type of soil.
To study seasonal variations, we repeated the resistivity data acquisition along the same profiles during the spring season (Di Piegari, 2011, 2012) . In Fig. 9 , we report the resistivity contour maps at the same depths as in Fig. 7 . The effect of rainy months on the resistivity distribution is apparent as a general resistivity decrease. In partic- (4) and (5), where resistivities are derived from the spring survey. White areas on the maps correspond to regions where Eqs. (4) and (5) are not defined, since ρ values from in situ measurements describe water contents greater than θ s or less than θ r , as estimated by laboratory analyses for each type of soil. ular, a wide region characterized by resistivity values lower than 100 m appears at a depth of about 2 m. In Fig. 10 , we show the corresponding value distribution of the matric suction derived from Eqs. (4) and (5). Interestingly, a wide region characterized by suction values ranging between 5 and 10 kPa emerges at a depth of about 2 m, giving clear evidence of soil conditions that are already close to saturation at this depth. In addition, the observed suction values correlate well with the mean values registered in the investigated area by Cascini and Sorbino (2002) in the same seasonal period.
Finally, it is worth underlining the basic assumptions on which the proposed procedure of suction mapping is based. Since the mapping is obtained only by resistivity data, other site information is required to reduce possible interpretative ambiguities. Thus, to calibrate our results, we used the results of previous geotechnical analyses carried out on samples collected in the same survey area at different investigation depths. Such analyses provided porosity values compatible with the resistivity laboratory analyses for the three investigated horizons. We assumed that the main parameter affecting soil resistivity is water content and, at a first step of approximation, we neglected the dependence of resistivity on other parameters, such as temperature. In particular, the temperature dependence was neglected for the laboratory measurements since a very good agreement was found for each sample between resistivity values measured before saturation, in natural conditions, and resistivity values corresponding to the same water content derived from the drying procedure (De Vita et al., 2012) . As concerns the in situ data, we were aware that seasonal variations in temperature could affect field electrical resistivity measurements, potentially leading to misinterpretation when resistivity data were acquired at the same place but on different dates. However, the survey area, and more generally the Sarno Mountain slopes, is characterized by dense vegetation dominated by deciduous forests and Mediterranean scrubland, which helps to reduce marked differences in ground temperature. Therefore, at a first step of approximation, we assumed that temperature variations produce changes in electrical resistivity that are of second order with respect to changes due to water content. Such a working assumption is expected to be reasonable with increasing depth.
Conclusions
Soil water content plays a crucial role in hydrological processes and can be estimated independently from both resistivity and suction measurements. In this study, resistivity data were used to obtain information on the distribution of suction values over large areas. With this aim, an empirical relationship between suction and resistivity was derived from a combination of the Archie and van Genuchten models. Such a relationship was obtained from an analysis of geophysical and geotechnical laboratory data for pyroclastic samples collected in the same area as that in which electrical resistivity tomography surveys were performed. The analytical relationship between suction and resistivity was characterized by four empirical parameters. In particular, the two parameters describing the dependence of electrical resistivity on the volumetric water content were derived from weighted non-linear and linear least squares regression. Furthermore, it was assumed that none of the empirical parameters changed within the same pyroclastic horizon, but changed with investigation depth.
In summary, we showed how electrical resistivity measurements can be used to gain information on the distribution of suction values over large areas and depths. The obtained suction maps were supported by in situ suction measurements carried out independently over large areas of Mt Pizzo d'Alvano (Cascini and Sorbino, 2002) . Our analysis showed that, by utilizing preliminary knowledge of the electrical behaviour and the water retention curve of the investigated soils, geoelectrical methods can provide spatial distributions of suction values. Such volumetric maps of suction can help to identify problematic sites at large scales and possibly to select areas where more accurate measurements are needed for monitoring slope stability. Applications of the proposed methodology to suction mapping in other areas are strongly encouraged to test both the potentiality of the combined Archie-Van Genuchten model and the crucial role of resistivity measurements in monitoring landslide risk areas.
